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A subcritical load on a disordered material can induce creep damage. The creep rate in this
case exhibits three temporal regimes viz. an initial decelerating regime followed by a steady-state
regime and a stage of accelerating creep that ultimately leads to catastrophic breakdown. Due to
the statistical regularities in the creep rate, the time evolution of creep rate has often been used to
predict residual lifetime until catastrophic breakdown. However, in disordered samples, these efforts
met with limited success. Nevertheless, it is clear that as the failure is approached, the damage
become increasingly spatially correlated, and the spatio-temporal patterns of acoustic emission,
which serve as a proxy for damage accumulation activity, are likely to mirror such correlations.
However, due to the high dimensionality of the data and the complex nature of the correlations it
is not straightforward to identify the said correlations and thereby the precursory signals of failure.
Here we use supervised machine learning to estimate the remaining time to failure of samples of
disordered materials. The machine learning algorithm uses as input the temporal signal provided
by a mesoscale elastoplastic model for the evolution of creep damage in disordered solids. Machine
learning algorithms are well-suited for assessing the proximity to failure from the time series of the
acoustic emissions of sheared samples. We show that materials are relatively more predictable for
higher disorder while are relatively less predictable for larger system sizes. We find that machine
learning predictions, in the vast majority of cases, perform substantially better than other prediction
approaches proposed in the literature.
I. INTRODUCTION
All materials break under sufficiently high stress. How-
ever, even when the system can support a load at the in-
stance of its application, it may still break at a later time
by creep rupture [1]. Local damage may accumulate even
at a sub-critical loads. Accumulation of microstructural
damage may be associated with the thermally activated
crossing of energy barriers: examples include the accu-
mulation of free volume as result of the thermal activa-
tion of shear transformations in disordered solids [3, 4],
or the thermally assisted removal of dislocation barriers
in irradiated metals leading to microstructural slip lo-
calization and irradiation embrittlement [5]. Local dam-
age accumulation reduces the energy barriers for future
damage activation, thus promoting a tendency to local-
ization. Overall, creep deformation is generally known
to have three temporal regimes. First, we observe a de-
celerating strain rate regime associated with (statistical)
hardening or aging effects as the weakest elements of the
microstructure deform first and become consequentially
inactivated by internal back stresses [4]. The decelerating
regime is followed by an intermediate regime of constant
strain rate and a final accelerating strain rate regime,
associated with damage accumulation and strain local-
ization and leading to catastrophic breakdown [3].
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For obvious reasons, understanding the creep failure
dynamics is an important issue for stability analysis of
structures across scales. Especially, predicting the resid-
ual lifetime of a given sample until its failure under a
subcritical load is a question that is actively investigated
by both physicists and engineers [6]. Reliable lifetime
predictions might not only avoid catastrophic in-service
failure of components and systems, but also yield sub-
stantial economic benefits in view of the possibility of
extending replacement cycles. Sample specific informa-
tion on the damage accumulation process can, on the
one hand, be obtained from the macroscopic sample re-
sponse, i.e., the time dependent creep strain or strain
rate. More detailed information can be drawn from anal-
ysis of the spatio-temporal pattern of energy releases as
local creep damage accumulates in a material subject to
subcritical load. The idea is here that the introduction
of local damage is accompanied by a release of elastic en-
ergy which can be recorded by monitoring the acoustic
emission (AE) of the sample, thus providing a means of
non-destructively monitoring the damage accumulation
process.
Among the empirical attempts to predict sample spe-
cific failure times from macroscopic creep strain rates,
one possible approach is to correlate the time tm of min-
imum strain rate with the catastrophic failure time tf , in
the simplest case by assuming a linear relationship be-
tween both [7, 8]. However, there are multiple issues in
using that observation for failure time prediction: (i) in
analyzing time series for an individual sample, it is of-
ten difficult to identify a unique minimum for the strain
2rate. This problem is particularly pronounced when the
creep strain rate is itself a stochastic, highly intermit-
tent process (ii) While empirical observation indicates,
on average, a linear relation between tm and tf , the scat-
ter is high especially for highly disordered samples. (iii)
The prediction for tf necessarily requires waiting until tm
can be reliably identified. Given that experimentally ob-
served tm already amount to 60% of tf and that larger
times are needed to reliably identify a minimum, the re-
sulting prediction might be too late to be useful [9].
A different prediction approach focuses on temporal
statistics of the damage accumulation process as moni-
tored by AE. In this case, one looks at the magnitudes,
times, and possibly locations of acoustic emission events
and tries to identify statistical correlations that allow to
interpolate the time of failure. For instance, one may
exploit the observation made both in simulations [3] and
experiments [11] that the AE event rate νAE may accel-
erate towards failure according to a reverse Omori law,
νAE ∝ (t−tf)
−p with p ≈ 1. Such a reverse Omori behav-
ior was also reported to be a generic feature of mean-field
models of thermally activated rupture processes [10]. In
such situations, one can obtain the failure time by fitting
the Omori law to the AE record until time t, with the ad-
vantage that (unlike predictions based on the strain rate
minimum) the ensuing predictions continually improve
with increasing record length, i.e. decreasing time-to-
failure. At the same time, the approach to failure may
be accompanied with other characteristic changes in the
AE burst statistics, such as an increase in the AE event
size or characteristic changes in the Gutenberg-Richter
exponent of the power law type energy statistics [3, 12],
which may also be used for monitoring and prediction
purposes.
Even further information can be harnessed by simul-
taneously monitoring the spatial pattern of damage ac-
cumulation activity, as failure is associated with localiza-
tion of damage [3, 11, 12]. Spatio-temporal correlations
in energy release signals, therefore, could hold impor-
tant information regarding distance to the catastrophic
breakdown of the sample. However, given the high di-
mensionality of the data sets involved and the possible
complexity in the correlation measures, it may not be
possible to extract the necessary information regarding
failure time in terms of simple empirical laws. The task
of extracting non-trivial correlations from high dimen-
sional data is precisely what machine learning algorithms
can do best. Indeed, in recent times, machine learning
found widespread applications in predicting deformation,
failure, and flow processes in disordered systems [13–15].
Here we use Random Forest regression[16] for extracting
information regarding sample specific failure times from
spatio-temporal records of energy release signals prior to
failure. To avoid problems resulting from scarcity of data,
we obtain our training and testing data from ensembles of
creep rupture simulations performed using the model in-
troduced in Ref. [3]. The trained algorithm is tested over
a set of samples previously unseen by the algorithm us-
ing various accuracy measures. We investigate the varia-
tions in prediction accuracy as a function of loading shear
stress, the degree of microstructural disorder, and sample
size.
II. RESULTS
As a model for creep rupture, we use a mesoscale
elastoplastic model [3, 4] that considers plastic activ-
ity accompanied by damage accumulation in a simulated
sample which is driven by a temporally constant, sub-
critical shear load (see Methods). The sample volume is
divided into mesoscopic volume elements. Local energy
barriers control deformation and damage accumulation
within the individual elements. The statistical distribu-
tion of these barriers characterizes the microstructural
disorder of the material. The barrier height is reduced
by stress, hence, if local stresses are high enough, barriers
may be crossed and local plastic activity takes place. At
the same time, internal stresses which arise from local de-
formation couple the deformation response of the individ-
ual elements. Plastic deformation generates local damage
which reduces, on average, the local barrier height. The
coupling between deformation, internal stresses and dam-
age accumulation ultimately leads to damage localization
in the form of a macroscopic shear band. Such damage
localization induces a divergence of the strain rate which
indicates catastrophic failure. The model has been suc-
cessful in reproducing the temporal regimes of creep, the
statistics of activity in the form of avalanches and pro-
gressive strain localization [3, 4]. A detailed model de-
scription and default model parameters are provided in
the Methods section.
The model produces, as raw data output, information
that can be interpreted as a simulated Acoustic Emis-
sion time series: Deformation activity is characterized
by the timings, locations, and amplitudes of deformation
avalanches, as well as by the resulting spatio-temporal
strain patterns. As shown in [3, 4], the corresponding
time series exhibit correlations which evolve with time.
Examples are the variation of the statistics of avalanches
or the progressive localization of spatial activity (see Fig.
1). These variations depend on the proximity to failure
and can thus be envisaged as precursors with the poten-
tial for prediction. As explained in the Methods section,
from the time series of the mesocale creep simulation we
extract several features that contain such information.
At each time t measured since the beginning of the creep
process, the machine learning algorithm makes a predic-
tion for the remaining time to failure, tp. To each time
t at which a prediction is made, we can post mortem as-
sign an actual remaining time to failure ta. Therefore, we
define the fractional error of the machine learning predic-
tion as eML =
|tp−ta|
tf
.
The quality of the machine learning predictions is
highly dependent on the size of the training set. Conse-
quently, it is convenient to quantify the learning perfor-
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FIG. 1. The top panel shows the spatial evolution of dam-
age (cumulative number of local AE events) as time evolves
(t(a) < t(b) < t(c) < t(d)). At later time, the damage be-
comes localized. The bottom panel shows the growth of the
global AE event number with time. The qualitative signature
of localization appears roughly above 0.7tf , which is already
close to breakdown. The aim of this study is to make pre-
dictions substantially ahead of the manifestation of damage
localization.
mance of the algorithm not in absolute terms but relative
to what one would predict without a machine learning
algorithm, for example by a simple mean of the train-
ing set. To this end, we compute an average remaining
time to failure over the training set and assume that each
test sample would simply follow such average. The error
made by such prediction is denoted by ewoML. We define
the relative improvement achieved by machine learning
over a naive average prediction as ǫ = eML/ewoML.
We use the creep time series of 1000 samples as the
training set and 200 different samples as the test set
to evaluate the predictions of remaining time to fail-
ure. With the trained algorithm, we systematically study
variations in the prediction accuracy measures mentioned
above for different values of the external applied stress,
disorder and sample size. Afterward, we benchmark the
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FIG. 2. The fractional error in ML predictions at various
stress levels and the corresponding predictions based upon
average failure times. The two predictions start from similar
levels and the ML predictions improve gradually, while the
other prediction remains unchanged. There is no systematic
dependency of prediction accuracy on stress level.
machine learning predictions against other methods of
prediction that use empirical laws. Specifically, we use
the time minimum of the strain rate tm to predict the fail-
ure time tf assuming a linear relationship between both.
A. Dependence of prediction performance on
applied stress level
In order to reproduce creep conditions, the system is
loaded with a constant external stress Σext which is below
the short-term critical stress Σc at which the system fails
instantaneously. The failure time tf depends strongly
on the ratio Σext/Σc. It is therefore natural to expect
a variation in the predictability as Σext/Σc → 1. We
have used three values of applied stress – 60%, 70% and
90% of the critical stress, respectively, keeping the other
parameters of the model fixed.
Fig. 2 shows the fractional errors eML and ewoML for
different values of stress, as mentioned above. Even for
this considerable range of variation in the applied load,
we find no systematic dependence of the prediction score
on stress. It is interesting to note that for small values
of t, the prediction from machine learning is just equal
to the average of the training set. This is expected since,
at the beginning of the creep dynamics for a particular
sample, the algorithm has not yet received any sample
specific information. As time progresses, the algorithm
utilizes its training and makes, based on the precursor
activity up to that time, predictions that improve with
increasing length of the precursor record. On the other
hand, in the absence of any ‘training’, the naive predic-
tion from the average of training data does not improve
with time and remains roughly constant.
In the following we define the prediction score in terms
of the actual prediction error, divided by the prediction
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FIG. 3. Prediction scores as function of time to failure, for
different applied stress levels. See Methods for model param-
eters.
error of a naive average prediction. A prediction which
is just as good as the average lifetime in the training
ensemble is assigned a prediction score of zero, and an
exact prediction of the failure time achieves a prediction
score of 1. We thus set
S = 1−
eML
ewoML
. (1)
Fig. 3 shows the prediction score achieved by machine
learning for different stress levels, as a function of time
to failure. Note that the extreme increase of the damage
rate just before failure ensures that failure is always cor-
rectly identified as it happens, with the consequence that
for t→ tf , S → 1. The question is, however, whether the
machine learning algorithm can achieve good prediction
scores at earlier times.
B. Dependence on material disorder
In the model we use, the local barrier heights which
control damage accumulation are statistically distributed
to represent a material with a disordered microstruc-
ture. If one assumes the weakest-link hypothesis, then
the local strength of a mesoscale region is essentially
the strength of the weakest microscopic subregion. In
this case, the mesoscale distribution function of the local
strength is expected to follow a Weibull distribution [4].
We statistically distribute the local barriers according to
a Weibull distribution with shape parameter k, which de-
termines the width of the distribution and hence can be
used to quantify the microstructural disorder. Specifi-
cally, a small value of k indicates a wide distribution and
therefore a high degree of microstructural disorder. This
translates into a comparatively large statistical scatter
of the sample lifetimes. Conversely, very large values
of k imply nearly deterministic behavior, i.e., the creep
curves of different samples and the corresponding sample
lifetimes are almost identical.
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FIG. 4. ML prediction scores for different degrees of disorder
(Weibull exponents k), see Methods for model parameters.
High prediction scores can be achieved even after short creep
times for materials with a high degree of disorder. For very
low disorder, the prediction scores decrease and ultimately
saturate.
Fig. 4 shows time dependent prediction scores achieved
for a range of values of k. High disorder substantially
improves predictability of the remaining time to failure.
The reason for the higher prediction scores lies in the
more complex precursor activity and larger variations in
local properties, resulting in statistical correlations which
anticipate strain localization already at early creep stages
well before catastrophic failure (see e.g., [17]), leading to
better-trained algorithms for the same number of training
samples.
On the other hand, with decreasing disorder prediction
scores become independent of the disorder. This can be
understood by noticing that when the disorder distribu-
tion is very narrow, the stochastic behavior of the time
series becomes dominated by thermal noise, which is kept
constant. Hence the predictability becomes independent
of the disorder of local strengths.
C. Dependence on sample size
The mesoscale model considers a square lattice com-
posed of L×L mesoscale regions. Here we vary the linear
system size L to study the impact of sample size on the
accuracy of the machine learning predictions.
As can be seen from the plots in Fig. 5, the predic-
tion scores decrease with system size. This can be un-
derstood as a consequence of strain localization. Sample
failure is controlled by processes taking place in a local-
ized shear band which emerges before failure. The width
of this band does not depend on system size, hence it
occupies a smaller fraction of the sample if the sample is
larger. If one assumes that precursory signals that can
be used for prediction mainly emanate from the shear
band region (see [11] for a discussion of this phenomenon
on a real sample), whereas other regions mainly produce
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FIG. 5. Dependency of ML prediction scores on system sizes,
see Methods for model parameters: smaller systems are more
predictable.
confounding ’noise’, then it is clear that smaller samples
exhibit a better ratio of precursory signal to stochastic
noise, and are therefore more predictable.
This observation might have far-reaching consequences
in terms of real-world predictions. For example, a catas-
trophic shear band in a laboratory-scale fracture test of
a rock sample occupies a far larger fraction of the over-
all sample volume than the slip localization zone in the
context of an earthquake. Thus, sample size may be
an important factor determining predictability, with un-
fortunate implications for the predictability of geo-scale
fracture processes.
D. Comparison of ML with alternative prediction
methods
Finally, it is useful to compare the machine learning
predictions done here with other methods. We choose an
empirical method which uses the time tm at which the
global minimum strain rate occurs to linearly extrapolate
and predict failure time tf [7, 8]. The main drawback of
this method lies in the fact that the average minimum is
quite flat, whereas the instantaneous creep strain rate is
subject to strong fluctuations. To apply this method, a
smoothed signal must be constructed first from the dis-
crete sequence of events (see Methods). The question
is whether the best possible prediction from the empiri-
cal method based on the global minimum is better than
the one from machine learning. Fig. 6 shows such a
comparison. As expected, the initial predictions from
the strain rate minimum are, during the initial stages of
creep before the actual minimum has been reached, far
worse than the machine learning ones. The same is true
during the late stages of creep close to the failure time,
since predictions based on the strain rate minimum cease
to improve once the minimum is passed, whereas ML
predictions continuously improve. For moderate to low
disorder (k = 4 − 8), the strain rate minimum method
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FIG. 6. Comparison between the prediction scores from ma-
chine learning and failure time prediction based upon mini-
mum creep rate. See Methods for model parameters.
performs consistently worse than the machine learning
method. Only for high disorder (k = 2) and creep times
close to tm it achieves prediction scores that are compa-
rable to ML.
III. DISCUSSION AND CONCLUSIONS
Prediction of failure time for creep rupture is a crucial
problem with wide-ranging potential applications in sci-
ence and engineering. Empirical prediction methods are
often not accurate enough, especially when the disorder is
strong. Moreover, sample to sample variations are often
high which makes it difficult to extrapolate knowledge
gathered from a tested sample to another one. For this
reason, we have trained a machine learning algorithm.
For machine learning, fluctuations become a source of
knowledge that can help in training the algorithm to
better recognize precursor patterns to failure and exploit
complex correlations which can be used to predict incip-
ient failure.
We have performed a systematic study of the variations
of predictability with applied stress, presence of disorder
and sample size, using synthetic data generated from a
well-established model of creep deformation and failure.
We find no systematic variation of predictability with
stress. However, predictability increases with increasing
disorder while it decreases with increasing sample size.
Our benchmark against alternative methods confirms a
superiority of machine learning over other approaches
suggested in the literature, which can be regarded as a
promising method with the potential to improve existing
hazard assessment techniques.
The proposed method is based on the use of a set of fea-
tures characterizing the deformation process which finds
a direct equivalent in laboratory tests, such as the vari-
ation of the intensity of acoustic emissions or signatures
of progressive spatial localization. Advances in acous-
6tic emission tests have made possible in recent years to
measure both magnitudes with a high resolution, which
makes the proposed machine learning method an ideal
candidate for analyzing and extracting useful informa-
tion from experimental data.
IV. METHODS
A. Creep model
Synthetic space-time series of creep deformation ac-
companied by damage accumulation are produced by a
mesoscale model of plastic deformation of disordered ma-
terials introduced in [3, 4]. The model considers a 2D
L× L lattice of mesoscale elements denoted by an index
i ∈ [1 . . . L2]. Each mesoscale element has a volume V
which coarse-grains microscopic details of a disordered
material. We describe the state of each mesoscale ele-
ment by continuum mechanics variables, namely a ten-
sorial irreversible strain ǫpli and a stress tensor Σi which
is connected to the reversible (elastic) strain tensor via
the tensor of elastic constants, which we assume to rep-
resent an isotropic material. The internal microstructure
of each element is characterized by a spectrum of stress
dependent energy barriers of which we assume the lowest
barrier, ∆Emin,i(Σi) to control activation of irreversible
deformation. To make the connection with traditional
concepts of mechanics of materials, we introduce element
specific, stress dependent yield functions Φi(Σi) which
fulfil the condition
∆Emin,i(Σi) = 0 if Φi(Σi) = 0 (2)
We assume that deformation is controlled by deviatoric
(shear) stress only and take Φi to be of the form
Φi = Σˆi − Σ
eq
i (3)
where Σeq =
√
(3/2)dev(Σ) : dev(Σ) is the von Mises
equivalent stress and dev(Σ) denotes the deviatoric stress
tensor. Σˆi defines the equivalent stress at which Φi = 0,
i.e., the stress at which the energy barrier to initiate a
plastic strain increment vanishes and, hence, the volume
element i becomes mechanically unstable. In the lan-
guage of plasticity theory, this corresponds to the local
flow stress in the limit of zero temperature.
In the regime of negative Φi, plastic deformation is con-
trolled by thermal activation over non vanishing barriers.
For simplicity, we assume the rate controlling energy bar-
rier to be linearly proportional to Φi, i.e.,
∆Emin,i(Φi) =
{
−VaΦi , Φi < 0,
0 , Φi ≥ 0.
(4)
Barrier crossing leads to a discrete plastic event which
introduces a finite tensorial plastic strain increment
∆ǫpl. The barrier crossing rate in element i is νi =
νel exp(−∆Emin,i/kBT ) = νel exp(Φi/ΣT ) where the pa-
rameter νel defines the local yielding attempt frequency
at the mesoscale and ΣT = kBT/Va characterizes the in-
fluence of temperature in terms of a scalar, stress-like
variable. In mechanically unstable elements (Φ ≥ 0)
events are assumed to occur instantaneously. Upon acti-
vation of an event in an element, the plastic strain field
in that element is updated by adding to the local irre-
versible strain the tensorial increment ∆ǫpli = ∆ǫ
eq
i · ǫˆi,
where ∆ǫeqi denotes the scalar magnitude of the strain
increment and the tensor ǫˆi defines the direction. In
line with J2 plasticity, this direction is given by a max-
imum energy dissipation criterion, thus ǫˆ = ∇ΣΦ =
(3/2)dev(Σ)/Σeq. On the other hand, the magnitude
is given by ∆ǫeq = χΣeq/3G, where χ is a factor between
0 and 1. This choice ensures that the local deviatoric
stress (the thermodynamic driving force) cannot change
sign upon introduction of an event. The location i of a
thermally activated deformation event and the associated
time increment ∆t > 0 elapsed since the last thermal ac-
tivation are in our simulations determined by the Kinetic
Monte Carlo method. Upon introduction of an event in
element i, we increase the plastic strain tensor in that
element, ǫpli → ǫ
pl
i + ∆ǫ
pl
i . Alongside with the plastic
strain tensor, we also update the cumulative equivalent
strain, ǫeqi → ǫ
eq
i +∆ǫ
eq
i . Using the updated plastic strain
field, stresses everywhere in the simulated sample are re-
computed. The ensuing stress changes may lead to desta-
bilization of other elements and thus to secondary events.
In that case, stresses are again updated considering all
such plastic events simultaneously, then checking for fur-
ther unstable events, and continuing this cycle until the
system is mechanically stable and the ’avalanche’ termi-
nates. The simulation then returns the following primary
data: (i) the time of the thermally activated event, (ii)
the overall strain increment, (iii) the change in the spatial
strain pattern.
To account for microstructural randomness, the ele-
ment strength Σˆi is statistically distributed according to
a Weibull distribution of exponent k with cumulative dis-
tribution function
P (Σˆi) = 1− exp

−
[
Σˆi
Σ¯i
]k (5)
and mean value 〈Σˆi〉 = Σ¯iΓ(1 + 1/k) where Γ denotes
the Gamma function. Whenever an element undergoes
plastic deformation, its strength is renewed from the dis-
tribution (5). Deformation-induced damage in element
i is described by a variable δi = fǫ
eq
i which is propor-
tional to the local equivalent plastic strain. The average
of the distribution from which local strength values are
drawn decreases with local damage as Σ¯i = Σ¯0exp(−δi),
implementing strain softening.
We load the system under pure shear conditions, with
principal axes oriented along ±π/4 to the x axis of our
Cartesian coordinate system. This gives rise to a spa-
tially homogeneous ’external’ stress tensor which repre-
7sents a pure shear stress state, Σ = Σext(ex⊗ey+ey⊗ex).
In the course of creep deformation, the emerging inhomo-
geneous plastic strin patterns leads to inhomogeous and
multi-axial internal stresses which add to this external
stress. The calculation of these stresses is done by the
Finite Element Method with a regular square grid, linear
shape functions, assuming linear elasticity and with ho-
mogeneous elastic properties. Each mesoscale element
is matched with a finite element. The stress at each
mesoscale element is computed as the average of the
stress field within the associated FEM element. The
reader is referred to [2] for further details on the numer-
ical implementation of the model.
To perform simulations under creep loading conditions,
the value of Σext is kept fixed in time. To establish the
specific value, we look first for the critical value Σext = Σc
beyond which the system is mechanically unstable and
fails instantaneously even at zero temperature. This pa-
rameter defines our stress scale. Accordingly, we measure
stresses in units of Σˆ(0), strains in units of Σˆ(0)/E where
E is the Young’s modulus of the material, and time in
units of ν−1el . Externally controllable parameters are Σ
ext
and ΣT . Default parameters in our simulations are, un-
less otherwise stated, L = 64, ΣT = 0.0075, χ = 0.05,
f = 0.1, k = 4 and Σext = 0.7Σc.
The model produces, as output, raw data in the form of
the times, locations, and magnitudes (strain increments)
of all local deformation events between initial loading
and failure. We can envisage this output as a simulated
acoustic emission record which monitors the deformation
activity within the sample throughout the creep process.
B. Machine learning method
We use a supervised learning algorithm - Random For-
est - for predicting the failure time. The algorithm is
trained over a training set where we use various fea-
tures of the creep simulation data points. Predictions are
made at the times where an avalanche is ended. While
for making a prediction at a given point of time (neces-
sarliy at the end of an avalanche) we use the data fea-
tures fed to the algorithm at that point of time, it is
strictly speaking not only the instanteneous information,
since the features of the data series include both tem-
porally and spatially aggregated information upto that
point. Specifically, the features used for prediction in-
clude (1) the elapsed time since the beginning of the
creep process up untill the point where a prediction is be-
ing made (again, necessarily at the end of an avalanche),
(2) the size of the last avalanche (at the end of which
the prediction is being made). We also add spatially-
aggregated information such as the (3) maximum and
(4) minimum damage (accumulated local AE events as
shown in Fig. 1 (a)-(d)) magnitudes. Attributes (3) and
(4) are calculated simply by taking the sum over the in-
dividual rows and columns of the matrices shown in Fig.
1 (a)-(d), and noting the magnitude of the maximum and
minimum accumulated damage along a row or column,
i.e. if dij represent the accumulated AE damage ma-
trix, then let Drowmax = max(
∑
i
dij , j = 1, 2, . . . , L) and
Dcolmax = max(
∑
j
dij , i = 1, 2, . . . , L), then the third at-
tribute is simply max(Drowmax, D
col
max). The fourth feature
is just the corresponding minimization problem. Given
the direction of the applied shear, the shear bands are
along either of the axes (and not diagonal or along any
other angle). Hence the sums along row and columns of
the accumulated damage matrix (dij) are able to assess
the most vulnerable damage. Finally, the last column
of the training data set is the target variable, i.e. time
remaining before macroscopic failure, which we want to
predict (in the test data set).
For every prediction set, a typical training data set is
the above mentioned features of 1000 samples and the
test data set is typically of 200 samples (over which the
prediction accuracy is measured). The training set data
file is the combination of the all 1000 samples time series
features appended together. Due to the slow time varia-
tion and the size of file, one in 50 time steps are consid-
ered for the training set to have a significant change in
the feature values. Further details about the data pro-
cessing and parameter sets for the model of regression
are given below.
1. General features of the Random Forest regression model
The algorithm used here for machine learning is Ran-
dom Forest (RF) regression [16]. It is an ensemble algo-
rithm that makes predictions based on the average pre-
diction of an ensemble of decision trees. A decision tree
is a flow-chart like structure, where starting from a root
node, the samples are split depending on their feaure
values or attributes. For example, a particular attribute
A, could be used to split the samples into two parts,
those having values less than A0 and those having values
greater than A0. Each of these parts can be further split
depending on the other attribute values and so on. The
spliting values of the attributes at each stage are opti-
mized by the algorithm used until all samples at a given
node has the same value of the target variable (in this
case, time to failure) or, further spliting does not improve
predictions (fixed by the variance reduction criterion [19]
or fixed by an upper cut-off in the number of possible
spliting i.e. the depth of the tree). The end nodes are
called leafs and they hold the predictions for the given
set. Now, for each of the trees, the training data are
subsampled using a Bootstraping algorithm (see below).
Consequently, each tree is fed with a random subset of
the training data (hence Random Forest). Following the
training, the test data, which is unseen by the model un-
til this point, are passed through each tree and they end
up in the leaf nodes which are then the predictions for
each of the test data points. In case of regression, where
the target variable is continuous, like here, the prediction
8of the RF for a given test data point, is the average value
of the prediction of each of the tree for the same test data
point.
2. Data processing for regression
Here, from the training data set, a number of subsam-
pled data sets are generated by randomly selecting data
points from the training set (selecting, say, N rows ran-
domly and uniformly from N rows, but with replacement
i.e. bootstrapping). Due to bootstrapping, some of the
data points will be repeated, which acts as mitigation
towards outliers in the training set. The number of sub-
sampled, randomly generated, sets is equal to the number
of decision trees used in the RF (see below). Each of the
trees are then fed with a different training set (randomly
sampled) and in the case of regression, as in our case, the
average prediction of all the trees is the prediction of the
forest.
3. Parameters of the model
As mentioned above, the RF algorithm uses a set of
decision trees for making predictions. The number of
decision trees used here is 1000. The algorithm is also
specified with the maximum depth (number of spliting)
for each tree, set at 10. Higher depth leads to increase in
error due to overfitting. The minimum samples required
to split an internal node is 2 and the minimum number of
samples to be in a leaf node is 1. Remaining parameters
are default for scikit-learn 0.19.1 version.
C. Analysis based on strain rate minimum
In order to estimate the failure time based on the time
of minimum strain rate, tm, which separates the decel-
erating and accelerating creep regimes, we need to re-
construct a smooth signal from the discrete sequence of
events. First, we note that the minimum of strain rate
occurs during the linear creep regime and that during this
regime plastic activity is almost exclusively thermally ac-
tivated, with subsequent mechanically activated events
being rare. In this case, avalanches have a typical size of
a single plastic event and the strain increment measured
over a certain observation interval is proportional to the
number of avalanches occurring in that interval. Conse-
quently, we can estimate the minimum of strain rate by
looking for the maximum of a smoothed time increment
signal. To obtain such smoothed signal, we substitute the
nth value of the discrete time increments ∆tn by the av-
erage of the increments whose numbers lie in the window
[n− h, n+ h] of width 2h centered at n. Averaging over
a window with a fixed width defined in terms of event
number can be interpreted as averaging with an adapta-
tive time window (i.e., a narrow time window in stages of
small characteristic time increments and vice versa). The
value h of the window width must be set arbitrarily. We
check the stability of the results upon variations of h in
order to decide its specific value. To this end, we compute
the probability distribution of tm, where each tm corre-
sponds to a different realization of the creep process. We
find that for a wide range of values h ∈ [200, 2000] the
results are independent of h for all the different values of
the simulation parameters considered in this work, and
we set h = 500.
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